Abstract: Many watersheds in Canada and in the northern United States see most of their precipitation in the form of snow. Many of these watersheds are the sites of important hydropower development projects. During snowmelt, watershed managers require information on snowpack depletion in order to optimize power production while minimizing flooding risk. In many cases, management techniques are based on simple correlations extracted from data collected in previous years or on inappropriate tools for data interpretation. Both of these factors can affect the reliability of forecasts and result in production losses or increased risk in downstream areas. This paper presents an approach to improve snowmelt forecasts. A simple distributed snowmelt model based on the degree-days approach is used to predict snowmelt based on weather forecasts. To improve forecasts, a feedback algorithm is presented that allows for real-time model adjustment using the integration of NOAA-AVHRR remote sensing data. A case study is presented based on a central Quebec watershed for the 1999 snowmelt season. This watershed is mostly under the management of Alcan Inc., which uses hydropower for the production of aluminum in its Jonquière, Que., Canada plant. A real-time simulation was carried out that resulted in a significant improvement of the timing of the flood peak forecast. With only one satellite image, the forecasting error of the flood peak was decreased by 5 days ͑from 7 to 2͒ and reduced to less than 1 day with the use of a second image, acquired 2 days later. For this watershed, each one-day improvement in the timing of the peak flood forecast is worth tens of thousands of dollars in hydropower.
Introduction
Water management of many Canadian watersheds raises several problematic issues. These watersheds have large surface areas and are located in scarcely populated remote areas. Little historical hydrometeorology data exist, and, when available, the data are often incomplete and/or spatial coverage of the watershed at a sufficient resolution is lacking. This creates particular challenges for hydrological modeling. These basins are also characterized by the important contribution of snowfall to the annual runoff. In fact, up to 75% of the total precipitation and 90% of the annual runoff can be traced to snow in such watersheds ͑Rango et al.
2000͒
. The watershed hydrologic response of these basins is strongly dependent on the snowmelt period that can last from several days to a few months depending on basin size and latitude. During snowmelt, reservoir levels must be optimized to maximize hydropower while minimizing flooding risk. To perform an adequate optimization, knowledge of the evolution of the snowpack is critical. In the absence of adequate information, reservoir levels must be managed conservatively with a potentially significant loss in power production. Since flow discharge during active snowmelt can easily be in excess of 20 times the average annual flow discharge ͑and up to several hundred times the summer flow discharge͒, water management decisions made in that time frame are critical.
Taking into account the size and location of many of these watersheds, remote sensing is an attractive tool and in some cases the only economically viable tool for the monitoring of hydrology parameters with a sufficient resolution. The hydrological information that can be extracted is extremely varied but encompasses land cover, soil moisture, evapotranspiration, and snow coverage ͑Bonn and Rochon 1992; Richards 1993; Schultz and Engman 2000͒. However, extraction of useful hydrology information from remote sensing data is not always straightforward, and the interpretation of such data often remains a challenging task. Of all the sensors with potential hydrology applications, a good number have yet to pass the hurdles between "potential" and "operational" and an even smaller number can be used in daily real-time applications. One such application is the delineation of snowcovered areas, as will be discussed later. The main problems limiting the operational use of remote sensing data in hydrological applications are the difficulties in linking remote sensing data and numerical models ͑Kite and Pietroniro 1996͒, the need for human aid to convert remotely sensed data to useful hydrology information, delays between acquisition and reception of data, insufficient resolution and temporal coverage, and in some cases acquisition costs. Schultz and Engman ͑2000͒ is an excellent text on the subject of remote sensing and hydrology.
There are also problems with the operational use of numerical models. Distributed hydrology models that can fully use the potential of remotely sensed data are often very complex to set up, initialize, and run. Model needs for data often exceed what is available, or rely on parameters very difficult to measure or obtain economically. With the large number of parameters required for every cell of the model, calibration and validation may require weeks and even months, even when operated by skilled hydrologists. This explains why various companies or agencies still use empirical prediction techniques or simpler models. Such a case is presented in this paper.
However, with the ever increasing number of sensors available, coupled with reduced acquisition costs, better reliability and treatment capabilities of current desktop personal computers, the operational integration of remote sensing data and hydrological modeling is bound to become a major trend in the near future.
This paper describes one such application where remotely sensed snow cover data is fed into a numerical snowmelt model. The main objective of this project is to integrate remotely sensed snow cover data in real time and thereby improve watershed management. This project will emphasize the potential gains of using remote sensing in hydrological forecasting during the snowmelt period.
Snowmelt Model
There now is a plethora of hydrology models ͓see Singh and Woolhiser ͑2002͒ for a review͔. A good number of these models incorporate snowmelt modeling. Of these, very few are designed to easily integrate remote sensing data. Examples of such models are HYDALP ͑Rott et al. 1999͒, HYDROTEL ͑Fortin et al. 1995͒, SNOWMELT RUNOFF MODEL ͑Rango 1995͒, and SLURP ͑Kite 1995͒. However, these models essentially use remotely sensed data as static input data, whereas the full potential of such information can only be realized if it is allowed to interact with the modeling algorithm, for example, so that the model may be able to iterate or optimize parameters to better match predictions and observed data. For operational applications, this process must be automated, with minimal interaction between model and operator.
With such a goal in mind, a simple distributed snowmelt algorithm was designed. The model is built around a feedback loop that links remotely sensed snow cover data, model parameters, and field measurements. The snowmelt model is deterministic, and distributed on a regular rectangular mesh to facilitate integration of the remote sensing data used in this study and the digital elevation model ͑DEM͒. Algorithm design must be consistent with available data. Existing snowmelt models may be grouped into two main categories: Simplified approaches such as the degree-day method ͑Dunn and Colohan 1999; Rango and Martinec 1995͒ or energy balance models ͑Anderson 1976͒.
In this study, a simple degree-day based snowmelt model was selected. Although less elegant and potentially less precise than energy balance models ͑Kuchment and Gelfan 1996͒, the operational context of this study together with the lack of information needed to run data-hungry energy balance models favors the simpler approach. Model complexity is one of the critical points of operational hydrology and generally, the best model is the simplest one that can use the available data ͑Rousselle et al. 1990͒.
The model is based on work by Martinec ͑1960͒ and Dunn and Colohan ͑1999͒. In addition to temperature differences, the model takes into account vegetation, topography, snow cover, and solar radiation. The snowmelt equation is defined as
where M s = snowmelt rate ͑mm/h͒ and k = snowmelt factor ͑mm/ h/°C͒. The snowmelt factor value is calibrated on a yearly basis using a procedure described in the section entitled "modeling."
The influence of vegetation k v is represented by the solar radiation transmission coefficient ͑U.S. Army Corps of Engineers 1956͒:
͑2͒
where C v represents the vegetation cover density ͑in the ͓0-1͔ range͒ of each cell of the watershed. Values of C v can be obtained from vegetation indices that in turn can be derived from remote sensing information ͑Gorte 2000͒. The slope and aspect factor K sa is computed from the angle s/t defined by the sun's position ͑on an hourly basis͒ and the vector normal to each cell of the watershed ͑uniquely defined from the elevation of the four corners of each cell͒. Specifically
where B min and B max = empirical constants that should be adjusted to local conditions. In this project, K sa was made to vary between B min = 0.01 ͑absence of any solar radiation͒ and B max = 1.00 ͑solar radiation perpendicular to the cell surface͒. The reflectivity A, or albedo of the snow cover also has a major impact on the snowmelt rate since it influences the absorption rate of solar energy by the snow cover. The reflectivity varies from its maximum value immediately after snowfall and decreases with time. On a daily basis, the albedo decreasing value can be calculated as a function of time from ͑U.S. Army Corps of Engineers 1956͒:
where k a was established at 0.20 ͑U.S. Army Corps of Engineers 1956͒ and t represents the time in days since the last snowfall. According to Eq. ͑4͒, the snow albedo normally varies between 0.8 and 0.4 ͑Klein et al. 2000͒. The parameter T b in Eq. ͑1͒ is the base temperature ͑°C͒, at which snowmelt starts. T b is close to the point of fusion and lies within 0 and 4°C for daily models ͑ASCE 1996͒. The parameter T a represents the air temperature for the computational time interval.
Remote Sensing
Remote sensing data used in this study are from the National Oceanic and Atmospheric Administration's ͑NOAA͒ multiband advanced very high resolution radiometer ͑AVHRR͒ aboard Satellite NOAA-14. Ground resolution is 1.1 km and coverage is about 3,000 km across which allows the entire watershed to be fully covered in one acquisition. Very small basins ͑Ͻ20 km 2 ͒ or mountainous basins may require better ground resolution than offered by AVHRR. However, the methodology described in this paper would still apply with another source of remotely sensed data. Three of the five AVHRR spectral bands were used in this study as outlined in Table 1 . After geometric correction and georeferencing, the AVHRR images must be processed to delineate snow-covered areas. The main obstacle is the separation of clouds and snow, which are similar in some spectral bands. Different approaches have been proposed ͑Simpson et al. 1998͒ that generally emphasize the spectral differences between clouds and snow in the thermal infrared. In this study, a supervised classification was used ͑maximum likelihood method͒. The presence or absence of snow under the clouds was inferred from the analysis of other similar pixels in terms of elevation, latitude, and orientation. This classification results in a binary map ͑snow/no snow͒ that outlines snow-covered areas ͑Fig. 1͒. In order to validate the approach, the approach of Maxson et al. ͑1996͒ was also used. Results from both approaches were very similar.
Integration of Remote Sensing Data
Fig. 2 presents the integration of the classified images within the hydrology model. A similar approach has been developed in the integration of soil moisture ͑Li et al. 1998͒. The algorithm is designed to overcome the lack of precision of two variables: The snowmelt factor k and the snowpack snow-water equivalent. The snowmelt factor has to be empirically derived for a given watershed and its determination is critical since the snowmelt model results are based on it. The snowpack snow-water equivalent is also difficult to evaluate at the watershed scale, since medium to large size basins are often poorly instrumented and, even if measurements do exist, the extrapolation of point data to area estimates is a difficult process. It should be pointed out that even though an active area of research, the estimation of snow-water equivalent by remote sensing is very complex and currently not feasible in an operational context. Estimates of snow-water equivalent can be obtained by coupling remote-sensing data and complex energy balance numerical models.
The snowmelt model is initialized from ground data ͑if available͒ or from predetermined values based on the model's performance in previous years. At this point the model starts and produces daily binary maps ͑snow/ no snow͒. When a classified image is available, it is used to adjust the model. In the case where model and classified images are similar, no correction is applied. Otherwise, an iterative process is started to correct the snowmelt factor k. The model is restarted at time t = 0 with a new k value and run until the date of image acquisition. The iterative process is stopped when the error between the simulated and the classified maps is acceptable. In this first stage, it is supposed that the initial estimates of snow-water equivalent are accurate. The snowmelt factor is assumed uniform over the basin. Once snowcovered and bare areas between simulated and classified maps are similar, a validation of the geographic snow distribution is made.
The model compares the snow distribution by latitude and elevation. If needed, a redistribution of the snow is done iteratively, making sure that snow-covered areas remain constant. This redistribution is done at t = 0 and the model starts the simulation again. The process is repeated until a good similitude is obtained in both surface areas and geographic distribution at the time of acquisition of the AVHRR image. At that point, the model con- tinues to run and enters its forecasting mode based on weather forecasts. The algorithm's last step consists of the verification and adjustment of the quantity of melted snow water in the basin. This last step requires a hydrology model and uses water discharge data at the basin outlet to compare with the computed melted snow water. This step is only possible some time after the acquisition of the AVHRR image. This "time delay" is a significant fraction of the basin time of concentration. If significant differences are observed, the snow-water equivalent is adjusted uniformly over the basin.
Case Study
The snowmelt model was tested on a watershed whose hydropower is managed by Alcan Inc. As the world's largest aluminium-producing company, Alcan operates several power plants. Its Jonquière, Que., Canada, processing facility draws 1,935 MW of power from six hydropower plants to annually produce 700,000 t of aluminum.
The watershed from which hydropower is drawn has a surface area of 73,800 km 2 and is located in south-central Quebec, north of the 48th parallel ͑Fig. 3͒. Three major reservoirs are found in the basin, the largest being Lac St-Jean, a natural lake with a surface area of about 1,000 km 2 and a capacity of 5.4ϫ 10 9 m 3 . Three hydropower plants downstream from the lake produce 1,300 MW of power, whereas the three other plants are upstream of the lake on the Péribonka River ͑Fig. 3͒. This study focuses on the Chute du Diable ͑Devil's Waterfall͒ subbasin shown shaded in gray in Fig. 3 . This watershed is a key element of Alcan's hydropower production scheme since it generates most of the Peribonka River discharge. With a 700 m elevation difference between its highest point and outlet, the watershed is moderately hilly and has a surface area of 9,700 km 2 . Alcan faces the problem of having to maximize its hydropower production ͑keeping reservoir levels high͒ while minimizing flooding risk. This problem is particularly critical during the snowmelt period that occurs within the April 1-June 30 period. During that time, water reservoir inflows represent 50% of the annual water volume.
Alcan's water management system is separated into three main components: Data acquisition, data analysis, and decision making. Acquired data consists of hydrometeorological data ͑dis-charge, water levels, temperature, precipitation, snowpack depth, and snow-water equivalent͒ and short-term weather forecasts. This data is fed to a conceptual model for forecasting and decision making. In addition, during the snowmelt period, daily AVHRR images are used to keep track of the snowpack behavior. The AVHRR images are visually assessed to delineate areas with and without snow cover within the Chute du Diable watershed. From this delineation, the "snowmelt line" is defined as the approximate line that separates the northern part of the basin, mostly snow covered, from the southern part, where bare soils predominate. Considering the basin's elongated shape in the south-north axis, the snowmelt line ͑although locally affected by topography͒ roughly migrates along this direction as the temperature warms up during the snowmelt period. Over recent years, a correlation has been established between the position of the snowmelt line on the watershed and the timing of the peak discharge reaching Lac St-Jean. This information, coupled with flow discharge data and rate of snowmelt ͑assessed from the AVHRR images͒ is used in Alcan's main flood control operation. For example, if flow discharge is below a threshold value when the snowmelt line reaches mid-basin, it is safe to shut down all of Lac St-Jean's floodgates.
This partly subjective flood control rule is conservative and can result in significant losses of water, hydropower production, and revenue. To know in advance when the snowmelt line will reach the watershed center would be useful to Alcan's reservoir level optimization. For example, if this information was known 5 days ahead of time, depending on observed flow discharge, floodgates could be shut immediately ͑as would be the case for average to moderate flow discharge͒. In essence, the a priori knowledge of the snowmelt line position can be used to predict peak discharge and timing, and to fine-tune flood control operation.
The main goal of this study is, therefore, to provide an accurate forecast of the date when the snowmelt line will reach the center of the watershed. The intent is to adopt a forecast procedure that does not require any additional sources of data as are currently available. As noted in the previous paragraph, this forecast will help reservoir operators optimize hydropower production. The forecasts will be based on a coupling of a snowmelt model with AVHRR imagery. Subsequently, tools and models de- 
Modeling
The period chosen for this study covers the Spring 1999 snowmelt season. Data available for input to the model include:
• AVHRR images. Daily AVHRR images cover the period from April 28 to May 15; • DEM. The DEM is a 30 arcsecs U.S. Geological Survey model which has a resolution of 1 km 2 , on a World Geodetic System 1984 projection ͑WGS84͒; • Observed and forecast temperature and precipitation data at three Alcan weather stations; and • Snow depth and snow-water equivalent measured at various locations in the basin ͑Fig. 1͒.
To respect the project constraint of only using available data, vegetation index was considered to be uniform. Otherwise, additional data would need to be provided. However, this basin is heavily forested ͑mixed to coniferous forests͒ with the exception of the most downstream portion of the watershed, mountaintops and some intensively logged areas. As such, this assumption is not likely to result in significant errors, especially considering the 1 km 2 resolution of the data. Vegetation cover could be inferred at the basin scale using AVHRR imagery ͑or another source of remotely sensed data͒ in the future. Although not likely to significantly improve the model precision, this would certainly be a logical step, if only to be able to assess the model sensitivity to land cover changes.
A resolution of 1 km 2 has been chosen for the snowmelt numerical model to conform to the DEM and AVHRR data. The computational time interval was set at 1 h.
Temperature data are interpolated at each cell of the model using a northerly linear increase ͑based on station data͒ and using a 0.9°C / 100 m geothermal gradient for altitude correction ͑Mc-Cuen 1998͒. Since only minimum and maximum daily temperatures are available at the stations ͑see Fig. 4 for 1999 data͒, hourly values were obtained from a sinusoidal temperature variation model with minimum and maximum temperatures at 2h00 and 14h00, respectively.
To start the snowmelt simulation, initial snow quantities over the basin are needed. Snow measurements are taken by Alcan once a month at a few locations until the end of April. The April data ͑April 27͒ displays high variability since snowmelt has normally started at that time. To overcome this problem, the snowmelt model was initialized with the late March measurements ͑March 30͒, where there is more uniformity over the basin. Snow cover for each cell was interpolated using a linear relationship in the north-south axis of the basin, similar to the temperatures. Field data did not show any relationship between snow quantities and altitude ͑although this might be the result of insufficient sampling sites and the under representation of higher altitude sites͒. Snowmelt simulation was then started approximately one month before the snowmelt period as illustrated in Fig. 4 .
A first validation was made April 27 between modeled and measured snow covers. At this date, snow water equivalent over the basin averaged 320 mm. A first adjustment to the snowmelt factor k was made. Starting April 27, the model was operated as in "real time." A first AVHRR image was acquired April 28. A first iterative process ͑first loop in Fig. 2͒ was started to adjust k. The model was reinitialized at T =0 ͑March 30͒ and snowmelt was modelled until April 28. The model iterates until simulated and AVHRR-derived maps are similar. At this point, the model re-enters its forecasting mode using the 5 day weather forecast. Additional AVHRR images were also acquired April 30 and May 1 and 2. The k adjustment and 5 day forecast processes were performed on these dates.
Results
Snow maps extracted from AVHRR images indicate that the snowmelt line reached midbasin around May 3 and that snowmelt was completed by May 7 ͑Fig. 5, first row͒. With no parameter adjustments, the snowmelt model ͑initialized on March 30͒ produces a similar snowmelt pattern but is late by 4 -5 days ͑Fig. 5, second row͒. This difference can be explained either by an overestimation of snow quantities or by an underestimation of the snowmelt factor. Integrating the first AVHRR image ͑April 28͒, the model reinitializes itself and gradually increases its snowmelt factor until its match is optimized on April 28. It then enters its forecasting mode. Fig. 5 ͑third row͒ presents these forecasts from May 1 to 7. The improvement is significant although a mismatch of about 2 days is still observed for the data where the snowmelt line reaches midbasin. Integrating a second AVHRR image on August 30 makes the match between the two sets of data almost perfect.
Discussion
The simulations indicate that the developed algorithm is efficient and that it can be used in near real time. With the assimilation of a single image, forecasts rapidly converge toward the observed snowmelt pattern following the simple adjustment of one of the model parameters. On April 28, the model predicts that the snowmelt line should reach mid-basin on May 1, 2 days early, but gives managers time to consider different options. The assimilation of the second image on April 30 produces closer results at the expense of losing two days. If managers had taken action based on the May 1 estimate ͑snowmelt line reaching midbasin͒, they could have altered their course of action on April 30 with a corrected date of May 3.
The assimilation of additional AVHRR images past April 30 did not yield any significant gain. A third image simply confirms the forecast made two days earlier. Fig. 6 presents the evolution of the forecasted date of the snowmelt line reaching midbasin as a function of AVHRR image acquisition. The initial adjustment of k based on the measured snow surveys of April 27 allows for a reasonably good model calibration prior to any image acquisition. In the absence of snow survey data, an iterative process using two AVHRR images could be envisioned. The first image could help validate the snowmelt factor k being used. The second image could then validate the snow water equivalent. However, several solutions could be derived. A numerical optimization process that incorporated additional images would be needed to achieve a unique solution. Therefore, measured snow surveys allow for a simpler snowmelt model to be used. This simpler approach worked well in this case partly because of the moderate relief of the basin. In high-relief basins, snow accumulation can occur at higher altitudes whereas it melts in the valleys, and snow depth can vary very rapidly depending on the slope aspect. In such cases, it is very likely that a two-step iteration process might be needed to achieve reasonable accuracy, as would be the case for a region where no ground data are available. The simpler form of the model might still work in some cases, but with unrealistic values of the snowmelt factor k.
For the 1999 season, the procedure outlined in this paper would have given Alcan's managers a 3 -4 day head start in implementing reservoir optimization procedures. This gain would have resulted in economical gains several times larger than the cost of image acquisition and processing. The 1999 season was characterized by an extremely fast snowmelt period due to record high temperatures starting April 31 ͑Fig. 4͒, that resulted in the complete disappearance of snow in a span of 10 days. A gain of 3 -4 days in such conditions is very significant. In normal snowmelt years, the model would likely result in much longer gains in both time and therefore money.
Finally, it should be pointed out that for basins in the United States, snow cover data from the U.S. National Operational Hydrologic Remote Sensing Center are freely available on a daily basis. This would considerably reduce the implementation cost of the algorithm presented in this paper.
Future Work
Several aspects of the methodology need to be improved. First and foremost, the model must be tested and validated on the same basin for other snow years. The year 1999 was chosen over five other possible candidates because cloud cover was minimal over most of the snowmelt period. Accordingly, the model should be tested on years with less ideal coverage. In such cases, snow conditions under cloud-covered pixels must be inferred as discussed earlier. In a worst-case scenario ͑unlikely for large basins͒, a complete cloud coverage for several days would render the implementation of this model impossible. The model should also be tested on other basins, and in particular on flat and high-relief basins. It is expected that the snowmelt model performance might be lower on flatter basins because snow accumulation is more random and more subject to winds and local obstacles. On steeper basins, such effects are diminished by the strong correlation of temperature and, to a lesser extent, snow quantities, with elevation. However, steeper basins bring challenges of their own, as discussed previously.
The second part of the algorithm that deals with snow spatial redistribution ͑not used in the results presented in this paper͒ has not yet been validated. A procedure to optimize the snowmelt factor adjustment and to provide a quantifiable "goodness of fit" between model and AVHRR images would eliminate the need for human input during the process. This may or may not be seen as an improvement since human experience and judgment are difficult to replicate.
Finally, coupling the snowmelt model with a distributed runoff model should be the last logical step. This would feed additional information into the snowmelt model as shown in Fig. 1 .
